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Abstract This chapter discusses the performance of 5 different iris segmentation
algorithms on challenging periocular images. The goal is toconvey some of the
dif�culties in localizing the iris structure in images of the eye characterized by vari-
ations in illumination, eye-lid and eye-lash occlusion, de-focus blur, motion blur
and low resolution. The 5 algorithms considered in this regard are based on the
(a) integro-differential operator; (b) hough transform; (c) geodesic active contours;
(d) active contours without edges; and (e) directional ray detection method. Experi-
ments on the Face and Ocular Challenge Series (FOCS) Database highlight the pros
and cons of the individual segmentation algorithms.

1 Introduction

The iris is a moving object with a small surface area that is located within the in-
dependently movable eye-ball. The eye-ball itself is located within another moving
object the head. Therefore, reliably localizing the iris ineye images obtained at a
distance from unconstrained human subjects can be dif�cult. Furthermore, since the
iris is typically imaged in the near-infrared portion (700nm 900nm) of the electro-
magnetic (EM) spectrum, appropriate invisible lighting isrequired to illuminate it
prior to image acquisition. This poses a problem when the illuminator is at a con-
siderable distance from the subject.

In order to mitigate this concern and to extend the depth-of-�eld of ocular-based
biometric systems, the use of a small region around the eye has been proposed as
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an additional biometric cue. This use of this region - referred to as theperiocular
region - has several bene�ts:

1. In images where the iris cannot be reliably obtained (or used), the surrounding
skin region may be used to either con�rm or refute an identity.

2. The use of the periocular region represents a good trade-off between using the
entire face region or using only the iris for recognition. When the entire face is
imaged from a distance, the iris information is typically oflow resolution; this
means the matching performance due to the iris modality willbe poor. On the
other hand, when the iris is imaged at close quarters, the entire face may not be
available thereby forcing the recognition system to rely only on the iris.

3. The periocular region can offer information about eye-shape that may be useful
as a soft biometric.

4. The depth-of-�eld of iris systems can be increased if the surrounding ocular re-
gion were to be included as well.

The use of the periocular region is especially signi�cant inthe context of IOM
(Iris On the Move) systems where the eye of a moving subject can be imaged when
the individual passes through a choke-point (e.g., a portal). Figure 1 shows the image
acquisition setup used by an Iris On the Move (IOM) system.

Fig. 1 Image acquisition setup used by the Iris On the Move (IOM) system. Image source: Matey
et. al. [2]. c
 IEEE.

A sample periocular image is shown in Figure 1. Periocular image acquisition
depends on the following two factors:

1. Sensor parameters (e.g., �eld of view, zoom factor, resolution, view angle, etc.),
2. Stand-off distance (distance between the sensor and the subject).

To perform iris recognition using periocular images, the iris region has to be seg-
mented successfully. However, performing iris segmentation in periocular images
can be very challenging. This is due to the fact that images acquired from moving



An Evaluation of Iris Segmentation Algorithms in Challenging Periocular Images 3

Fig. 2 A sample periocular image.

(a) Poor illumination (b) Blur

(c) Occlusion (d) Off-angle iris

Fig. 3 Periocular images exhibiting some of the non-ideal attributes referred to in the narrative.

subjects in a reltively unconstrained environment can be ofpoor quality. Such im-
ages often exhibit non-ideal attributes such as off-angle iris, occlusions, blur, poor
illumination, etc. Some challenging periocular images areshown in Figure 3.
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There are several bene�ts in determining the spatial extentof the iris in non-ideal
periocular images:

1. De�ning the area of the periocular region: In images that contain poor qual-
ity iris, periocular information can be used to improve the recognition perfor-
mance [3]. However, it is very important to de�ne a rectangular region of �xed
size, from which the periocular features can be extracted. The width and height
of this region are often expressed as multiples of the iris radius [4], which in turn
can be determined by iris segmentation.

2. Selective quality enhancement: If the iris region is of poor quality in a given pe-
riocular image, image enhancement techniques can be applied exclusively within
the iris region. This operation can lead to improved iris recognition performance.
The appropriate region for applying selective enhancementcan be determined by
�rst segmenting the iris.

3. Periocular image alignment: In some cases, it is possible to encounter rotated
periocular images, caused by head tilt. The center of the iris, determined by iris
segmentation, can be used as an anchor point to perform rotation and to register
the images appropriately.

Toward this end, this chapter discusses various techniquesthat can be used to per-
form iris segmentation in challenging periocular images.

1.1 Periocular Region

The word periocular is a combination ofperi (meaning, the vicinity) andocular
(meaning, related to the eye). In general, the periocular region refers to the skin,
and the anatomical features (e.g., eyebrows, birthmarks, etc.) contained within a
speci�ed region surrounding the eye. Periocular recognition describes the process
of using the discriminative information contained in the periocular region to perform
human recognition.

The region de�ning the periocular biometric has not been precisely de�ned in
the biometric literature. However, Park et. al. [5] suggestthat a rectangular region
centered at the iris center and containing the eyebrows willbe the most bene�cial
size for recognition. Active research is being carried out to study the performance
of periocular recognition under various conditions (e.g.,distance [6], types of fea-
tures that can be used [7], etc.). It has to be noted that the periocular region can be
considered to be a soft biometric trait. The present chapterfocuses exclusively on
performing iris segmentation in periocular images, and does not deal with periocular
recognition.
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1.2 Iris Segmentation

Iris segmentation refers to the process of automatically detecting the pupillary (in-
ner) and limbus (outer) boundaries of an iris in a given image. This process helps
in extracting features from the discriminative texture of the iris, while excluding the
surrounding regions. A periocular image showing the pupillary and limbus bound-
aries is seen in Figure 4. Iris segmentation plays a key role in the performance of an
iris recognition system. This is because improper segmentation can lead to incorrect
feature extraction from less discriminative regions (e.g., sclera, eyelids, eyelashes,
pupil, etc.), thereby reducing the recognition performance.

Fig. 4 A sample periocular image with the pupillary (inner) and limbus (outer) boundaries high-
lighted.

A signi�cant number of iris segmentation techniques have been proposed in the
literature. Two most popular techniques are based on using an integro-differential
operator [8] and the Hough transform [10], respectively. The performance of an iris
segmentation technique is greatly dependent on its abilityto precisely isolate the
iris from the other parts of the eye. Both the above listed techniques rely on curve
�tting approach on the edges in the image. Such an approach works well with good
quality, sharply focused iris images. However, under challenging conditions (e.g.,
non-uniform illumination, motion blur, off-angle, etc.),the edge information may
not be reliable.

In this chapter, the following techniques are considered for performing iris seg-
mentation in challenging periocular images:

1. Integro-differential operator
2. Hough transform
3. Geodesic Active Contours
4. Active contours without edges
5. Directional ray detection
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The �rst two curve �tting techniques are classical approaches that are computation-
ally inexpensive. The other three techniques present relatively newer approaches for
iris segmentation and are more suited for non-ideal periocular images. The above
selection of techniques, ensures a good combination between contour �tting and
curve evolution based approaches for performing iris segmentation in a challenging
database.

2 Face and Ocular Challenge Series (FOCS) Database

2.1 Database

The Face and Ocular Challenge Series (FOCS) database was collected primarily
to study the possibility of performing iris and periocular recognition in images ob-
tained under non-ideal conditions. Periocular images of resolution 750� 600 pixels
were captured from subjects walking through a portal in an un-constrained envi-
ronment. The image acquisition system contained a set of Near Infra Red (NIR)
sensors and illuminators. The amount of illumination observed in an image varied
drastically across images due to the variation in the stand-off distance, which is in
turn was caused by subject movement. Figure 5 shows some images exhibiting this
effect. Some of the other challenges observed in the images include:

1. out-of-focus blur;
2. specular re�ections;
3. partially or completely occluded iris;
4. off-angled iris;
5. small size of the iris region, compared to the size of the image;
6. smudged iris boundaries;
7. sensor noise.

Fig. 5 A set of images showing the signi�cant variations in illumination caused by varying stand-
off distance.

In some cases, the size of the periocular images was smaller than 750� 600
pixels. Such images were padded with pixels of zero intensity (by the distributors of
the database) in order to maintain a constant image resolution (Figure 6). All these
factors render FOCS to be a challenging database.
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Fig. 6 Sample images in FOCS database showing the padding with zeropixels (by the distributors
of the database) to maintain a �xed resolution of 750� 600 pixels.

2.2 Pre-processing

As the image quality of the FOCS database was very poor, two image pre-processing
schemes were used to improve the iris segmentation performance: (i) illumination
normalization, (ii) eye center detection.

2.2.1 Illumination normalization

For a majority of the images in the FOCS database, it is very dif�cult, even for a
human expert, to determine the exact location of the iris boundaries. This is caused
by low or almost no illumination in the images. In such cases,the image contrast is
very low and the iris boundaries are obscured. To alleviate this problem, illumination
normalization was performed prior to iris segmentation. This was performed by
adjusting the histogram of the image using theimadjustcommand in MATLAB.
This step helps in increasing the contrast of the image and highlights the intensity
variation across the iris boundaries. Figure 7 shows sampleimages before and after
illumination normalization.

2.2.2 Eye center detection

Many iris segmentation techniques determine the rough location of the pixels lying
within the pupil region by a simple image thresholding process. This is based on the
fact that the pixels corresponding to the pupil area, in a uniformly illuminated image,
are usually of the lowest intensity. In non-ideal images, however, such an approach
may not work due to the presence of non-uniform illumination. In this work, an eye
center detector [12, 13] was used to output the 2D location ofthe center of the iris
in a given image. The eye center detector is based on the shift-invariance property
of the correlation �lters.

The correlation �lter for the eye center detector was trained on 1000 images,
in which the eye centers were manually labeled. When the correlation �lter is ap-
plied to a given periocular image, a peak is observed, whose location corresponds
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(a) (b)

(c) (d)

Fig. 7 (a) and (b): Images before illumination normalization. (c)and (d): Images after illumina-
tion normalization. Notice that the iris boundaries are better distinguishable only after performing
illumination normalization.

to the center of the eye. The output of the detector was observed to be reliable in
a majority of images, and can be used as an anchor point (a) to perform geometric
normalization of the images, and (b) to initialize contoursin the curve evolution
based techniques.

The eye-center detector can be of signi�cant use in non-ideal images containing
off-centered or occluded eyes. Figure 8(a) shows a sample periocular image, with
the eye center detector output marked by a white dot. Figures8(b) and 8(c) show
examples of some rare cases where the eye center was not accurately determined.

3 Integro-Differential Operator

Given a pre-processed image,I (x;y), Daugman's integro-differential operator [8]
can be used to �rst determine the limbic boundary of the iris.This operation can be
mathematically expressed as:
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(a) Correct (b) Slight offset (c) Completely offset

Fig. 8 Results of the eye center detector on sample images in FOCS data set (shown by a white
dot). (a) Correctly detected eye center. (b) and (c) Incorrect output.
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represents a radial Gaussian with a centerr0, standard deviations , and the sym-
bol � denotes the convolution operation. Convolving the image with a Gaussian
operator helps in smoothing the image, thereby highlighting the edge information.
The termr denotes the radius of the circular arcds, centered at(x0;y0). To normal-
ize the circular integral with respect to its perimeter, it is divided by a factor of 2pr.
In short, Daugman's integro-differential operator performs circular edge detection,
which can be controlled by the parameter setf x0;y0; rg. The computational expense
associated with an iris boundary search process can be minimized by providing a
range of estimates for the parameterr, that are close to the actual boundary radius.

Once the limbus boundary is detected, the search process forthe pupillary bound-
ary is carried out only within the pre-determined limbus region. Daugman suggests
that the radius of the pupillary boundary can range from 0:1 to 0:8 of the limbus
boundary radius. Figure 9 shows some images in which the irisboundaries are suc-
cessfully segmented using an integro-differential operator. Some examples of poorly
segmented boundaries using this technique are shown in Figure 10.

4 Hough Transform

Given a pre-processed image,I (x;y), a Canny edge detector is �rst used to deter-
mine the edges contained in the image. Consider the set of edge points obtained by
the Canny edge detector to be(xi ;yi ), wherei = 1;2; : : : ;n. Since this set of edge
points could represent a non-continuous or non-circular contour, a voting proce-
dure is used to �t a circle to the boundary. For this purpose, Hough transform [9],
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Fig. 9 Images showing successful iris segmentation output obtained using the integro-differential
operator technique.

Fig. 10 Images showing unsuccessful iris segmentation output obtained using the integro-
differential operator technique.

a standard contour �tting algorithm, is used. The voting procedure in the Hough
transform technique is carried out in a parameter space, from which object candi-
dates (in this case, circular contours) are obtained as local maxima in an accumulator
space constructed by the algorithm. In the �eld of iris recognition, Wildes et. al. [10]
demonstrated the use of Hough transform to determine the iris boundaries.

For a given set of edge points,(xi ;yi), i = 1;2; : : : ;n, Hough transform can be
used to �t a circle with center(xc;yc), and radiusr, as follows:



An Evaluation of Iris Segmentation Algorithms in Challenging Periocular Images 11

H(xc;yc; r) =
n

å
i= 1

h(xi ;yi ;xc;yc; r) (3)

where

h(xi ;yi ;xc;yc; r) =

(
1; if g(xi ;yi ;xc;yc; r) = 0
0; otherwise:

(4)

and
g(xi ;yi ;xc;yc; r) = ( xi � xc)2 + ( yi � y2

c) � r2: (5)

For each edge point contained in the set(xi ;yi), g(xi ;yi ;xc;yc; r) is considered
to be 0, if the parameter triplet(xc;yc; r) represents a circle through that point.
H(xc;yc; r) is an accumulator array and its values (indexed by discretized values
for xc, yc, andr) are incremented as per the equations above. The parameter triplet
that corresponds to the largest value in the array is considered to be the most suitable
parameter set for the circle that �ts the given contour. Equation 5 can be modi�ed
to accommodate various contours such as circle, parabola, or ellipse. However, the
computational complexity associated with a parabola or an ellipse is much higher
than for a circle.

Similar to the integro-differential operator, Hough transform based segmentation
�rst detects the limbus boundary of the iris. To detect the pupillary boundary, the re-
gion within the limbus boundary is used for localization purposes. Figure 11 shows
some sample images in which the segmentation was successfulusing Hough trans-
form. On the other hand, unsuccessful segmentation outputsare shown in Figure 12.

Fig. 11 Images showing successful iris segmentation output obtained using the Hough transform
technique.
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Fig. 12 Images showing unsuccessful iris segmentation output obtained using the Hough trans-
form technique.

5 Geodesic Active Contours (GAC)

This approach is based on the relation between active contours and the computa-
tion of geodesics (minimal length curves). The strategy is to evolve an arbitrarily
initialized curve from within the iris under the in�uence ofgeometric properties of
the iris boundary. GACs combine the energy minimization approach of the classical
“snakes” and the geometric active contours based on curve evolution [11].

Let g(t) be the curve, that has to gravitate toward the outer boundaryof the iris,
at a particular timet. The timet corresponds to the iteration number. Lety be
a function measuring the signed distance from the curveg(t). That is,y (x;y) =
distance of point(x;y) to the curveg(t).

y (x;y) =

8
><

>:

0 if (x,y) is on the curve;
< 0 if (x,y) is inside the curve;

> 0 if (x,y) is outside the curve.

(6)

Here,y is of the same dimension as that of the eye imageI(x;y). The curveg(t)
is called the level set of the functiony . Level sets are the set of all points iny
wherey is some constant. Thusy = 0 is the zeroth level set,y = 1 is the �rst level
set, and so on.y is the implicit representation of the curveg(t) and is called the
embedding function since it embeds the evolution ofg(t). The embedding function
evolves under the in�uence of image gradients and the region's characteristics so
that the curveg(t) approaches the desired boundary of the iris. The initial curveg(t)
is assumed to be a circle of radiusr just beyond the pupillary boundary. Let the
curveg(t) be the zeroth-level set of the embedding function. This implies that
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= 0:

By the chain rule,
dy
dt

=
¶y
¶x

dx
dt

+
¶y
¶y

dy
dt

+
¶y
¶t

;

i.e.
¶y
¶t

= � Ñy :g0(t):

Splitting theg0(t) in the normal(N(t)) and tangential(T(t)) directions,
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Now, sinceÑy is perpendicular to the tangent tog(t),
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¶t
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The normal component is given by

N =
Ñy

kÑy k
:

Substituting this in Equation (7),

¶y
¶t

= � vNkÑy k:

Let vN be a function of the curvature of the curvek , stopping functionK (to
stop the evolution of the curve) and the in�ation forcec (to evolve the curve in the
outward direction) such that,

¶y
¶t

= � (div(K
Ñy

kÑy k
) + cK)kÑy k:

Thus, the evolution equation fory t
1 such thatg(t) remains the zeroth level set is

given by
y t = � K(c+ ek)kÑy k + Ñy :ÑK; (8)

where,K, the stopping term for the evolution, is an image dependant force and is
used to decelerate the evolution near the boundary;c is the velocity of the evolution;
e indicates the degree of smoothness of the level sets; andk is the curvature of the
level sets computed as

k = �
y xxy 2

y � 2y xy yy xy+ y yyy 2
x

(y 2
x + y 2

y )
3
2

:

1 The subscriptt denotes the iteration number
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Here,y x is the gradient of the image in thex direction;y y is the gradient in they
direction;y xx is the 2nd order gradient in thex direction;y yy is the 2nd order gradient
in they direction; andy xy is the 2nd order gradient, �rst in thex direction and then
in they direction. Equation (8) is the level set representation of the geodesic active
contour model. This means that the level-setC of y is evolving according to

Ct = K(c+ ek)N � (ÑK:N)N (9)

whereN is the normal to the curve. The termkN provides the smoothing constraints
on the level sets by reducing their total curvature. The termcN acts like a balloon
force and it pushes the curve outward towards the object boundary. The goal of
the stopping function is to slow down the evolution when it reaches the boundary.
However, the evolution of the curve will terminate only whenK = 0, i.e., near an
ideal edge. In most images, the gradient values will be different along the edge, thus
requiring the use of different K values. In order to circumvent this issue, the third
geodesic term ((ÑK:N)) is necessary so that the curve is attracted toward the bound-
ary (ÑK points toward the middle of the boundary). This term makes itpossible to
terminate the evolution process even if (a) the stopping function has different values
along the edges, and (b) gaps are present in the stopping function.

The stopping term used for the evolution of level sets is given by

K(x;y) =
1

1+ ( kÑ(G(x;y)?I(x;y))k
k )a

(10)

whereI(x;y) is the image to be segmented, G(x,y) is a Gaussian �lter, andk anda
are constants. As can be seen,K(x;y) is not a function oft.

Consider an iris image to be segmented as shown in Figure 13 (a). The stopping
function K obtained from this image is shown in Figure 13 (b) (fork = 2:8 and
a = 8). Assuming that the inner iris boundary (i.e., the pupillary boundary) has
already been detected, the stopping functionK is modi�ed by deleting the circular
edges corresponding to the pupillary boundary, resulting in a new stopping function
K0. This ensures that the evolving level set is not terminated by the edges of the
pupillary boundary (Figure 13 (c)).

A contour is �rst initialized near the pupil (Figure 14 (a)).The embedding func-
tion y is initialized as a signed distance function tog(t = 0) which looks like a cone
(Figure 14 (b)). Discretizing equation 8 leads to the following equation:

y t+ 1
i; j � y t

i; j

Dt
= � cK0

i; jkÑy tk � K0
i; j (ekt

i; jkÑy tk) + Ñy t
i; j :ÑK

0t
i; j ; (11)

whereDt is the time step (e.g.,Dt can be set to 0:05). The �rst term (cK0
i; jkÑy tk)

on the right hand side of the above equation is the velocity term (advection term)
and, in the case of iris segmentation, acts as an in�ation force. This term can lead to
singularities and hence is discretized using upwind �nite differences. The upwind
scheme for approximatingkÑy k is given by
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(a) (b)

(c)

Fig. 13 Stopping function for the geodesic active contours. (a) Original iris image, (b) stopping
functionK, and (c) modi�ed stopping functionK0.

(a) (b)

Fig. 14 Contour initialization for iris segmentation using GAC. (a) Zeroth level set (initial con-
tour), (b) mesh plot denoting the signed distance functiony .
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kÑy k =
p

A;

A = min(D�
x y i; j ;0)2 + max(D+

x y i; j ;0)2+

min(D�
y y i; j ;0)2 + min(D+

y y i; j ;0)2:

D�
x y is the �rst order backward difference ofy in the x-direction;D+

x y is
the �rst order forward difference ofy in the x-direction;D�

y y is the �rst order
backward difference ofy in the y-direction; andD+

y y is the �rst order forward
difference ofy in the y-direction. The second term (K0

i; j (ekt
i; jkÑy tk)) is a curva-

ture based smoothing term and can be discretized using central differences. In our
implementation,c = 0:65 ande = 1 for all iris images. The third geodesic term
(Ñy t

i; j :ÑK
0t
i; j ) is also discretized using the central differences.

After evolving the embedding functiony according to Equation (11), the curve
begins to grow until it satis�es the stopping criterion de�ned by the stopping func-
tion K0. But at times, the contour continues to evolve in a local region of the image
where the stopping criterion is not strong. This leads to over-evolution of the con-
tour. This can be avoided by minimizing the thin plate splineenergy of the contour.
By computing the difference in energy between two successive contours, the evo-
lution scheme can be regulated. If the difference between the contours is less than
a threshold (indicating that the contour evolution has stopped at most places), then
the contour evolution process is terminated. The evolutionof the curve and the cor-
responding embedding functions are illustrated in Figure 15.

Since the radial �bers may be thick in certain portions of theiris, or the crypts
present in the ciliary region may be unusually dark, this canlead to prominent
edges in the stopping function. If the segmentation technique is based on parametric
curves, then the evolution of the curve might terminate at these local minima. How-
ever, geodesic active contours are able to split at such local minima and merge again.
Thus, they are able to effectively deal with the problems of local minima, thereby
ensuring that the �nal contour corresponds to the true limbus boundary (Figure 16).

Figures 17 and 18 show sample images corresponding to successful and failed
segmentation outputs, respectively, obtained using the Geodesic Active Contours
technique.

6 Active Contours without Edges

As explained in Section 1.2, the classical iris segmentation algorithms depend on
edge information to perform boundary detection. However, in poor quality images
of FOCS database, the sharp edges required for iris segmentation are smudged to the
point that there is no discernible edge information. This problem can be alleviated to
an extent by basing the segmentation algorithm on the statistics of different regions
of the eye (e.g., pupil, iris, etc.), instead of the sparse edge information. To this end, a
region-based active contour segmentation algorithm is developed, which is inspired
by the seminal work of Chan and Vese [14]. In this technique, the contour evolution
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Fig. 15 Evolution of the geodesic active contour during iris segmentation. (a) Iris image with
initial contour, (b) embedding functiony (X and Y axes correspond to the spatial extent of the eye
image and the Z axis represents different level sets), (c,d,e,f) contours after 600 and 1400 itera-
tions, and their corresponding embedding functions, and (g,h) Final contour after 1800 iterations
(contours shown in white).
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(a) (b)

Fig. 16 The �nal contour obtained when segmenting the iris using theGAC scheme. (a) Example
of a geodesic contour splitting at various local minima, (b)�nal contour (contours shown in white).

Fig. 17 Sample images showing successful segmentation output obtained using the Geodesic Ac-
tive Contours technique.

is governed by the image statistics of theforegroundandbackgroundregions of a
considered contour. Such an approach has been to shown to work very well in cases
where both theforeground(the region that has to be segmented) and thebackground
are homogeneous, but is known to fail when the regions are nothomogeneous.

For iris images, the foreground inside the contour (pupil oriris) is homogeneous,
while the background is not, due to the presence of skin, eyelashes, and eyelids. Re-
cently, Sundaramoorthi et. al. [15] addressed this issue byde�ning a lookout region.
This lookout region is typically a region just outside the region of interest, from
which the background statistics are computed as a function of the foreground. The
basic idea behind this, is that for a Gaussian distributed data (assumption for the
foreground), the region outside the foreground (that is required to detect a transition
from the foreground to background) is dependent on the imagestatistics of the fore-



An Evaluation of Iris Segmentation Algorithms in Challenging Periocular Images 19

Fig. 18 Sample images showing failed segmentation output obtainedusing the Geodesic Active
Contours technique.

ground region. More precisely, the lookout region for the quickest change detection
for Gaussian distributed data is given byDs (I jW)WnW, whereDs denotes dilation
by s (I jW).

6.1 Description of the technique / Contour formulation

The proposed technique segments the image based on the distribution of pixel in-
tensities or features extracted from the eye image from a region both inside and
outside the contour rather than looking for sharp edges, making it more robust to
blurring and illumination variations than an edge-based active contour. The seg-
mentation involves two steps: pupil segmentation, followed by iris segmentation.
The pupil segmentation algorithm is posed as a energy minimization problem, with
the objective to be minimized de�ned as follows:

E(W;m; m̄; l 1; l 2) =
Z

Ds (I jW)WnW
jI (x) � m̄j2dx+ l 1

Z

W
jI (x) � mj2dx+ l 2G(W)

(12)
whereI(x) is the eye image. For simplicity reason,I (x) is used instead ofI (x;y).

W is the current contour,s (I jW) =
R
W jI (x)� mj2dxR

W dx computes the statistics of the re-
gion within a contour which is then used to de�ne the lookout regionDs (I jW)WnW
outside the current contour,G(W) is the regularization term,m is the mean pixel in-
tensity within the contour,̄mis the mean pixel intensity in the lookout region andl 1
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andl 2 are scalars weighting the different criteria de�ning the contour energy. The
output of the eye center detection is used to initialize a contour for pupil segmen-
tation. Once the pupil is segmented, a contour is initialized just outside the pupil.
However, Equation 12 may not be used directly because the pupil region needs to
be excluded from within the current contour. This leads to the following energy
formulation for detecting the outer boundary:

E(W;m; m̄; l 1; l 2) =
Z

Ds (I jW̄)WnW
jI (x) � m̄j2dx+ l 1

Z

W̄
jI (x) � mj2dx+ l 2G(W)

(13)
whereW̄ = WnWpupil de�nes the region within the current contour excluding the
pupil. Due to occlusions like specular re�ections, eye lashes etc. as part of the con-
tour evolution many small contours are also formed along with the pupil or iris
contours. These extraneous contours are pruned based on their regional statistics
like size of region, eccentricity of region etc. Further, the �nal contour is smoothed
by applying a simple moving average �lter to the contour. Figure 19 and Figure 20
show some examples of successful and unsuccessful iris segmentation outputs, re-
spectively.

Fig. 19 Some examples showing successful segmentation of iris regions under challenging condi-
tions (poor illumination and blur) using the active contours without edges technique on the FOCS
database.
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Fig. 20 Some examples showing unsuccessful segmentation of iris regions under challenging con-
ditions (poor illumination and blur) using the active contours without edges technique on the FOCS
database. Some of the mistakes are due to eye-detection failure and closed eye.

7 Directional Ray Detection Method

This section presents an iris segmentation technique for low quality, and off-angle
iris images that is based on a novel directional ray detection segmentation scheme.
This method can employ calculus of variations or directional gradients to better
approximate the boundaries of the pupillary and limbic boundaries of the iris. Vari-
ational segmentation methods are known to be robust in the presence of noise and
can be combined with shape-�tting schemes when some information about the ob-
ject shape is knowna priori. Quite commonly, circle-�tting is used to approximate
the boundaries of the iris, but this assumption may not necessarily hold for non-
circular boundaries or off-axis iris data. For computational purposes, this technique
uses directional gradients and circle-�tting schemes, butother shapes can also be
easily considered.

This technique extends the work by Ryan et. al. [16], who approach the iris
segmentation problem by adapting the Starburst algorithm to locate pupillary and
limbic feature pixels used to �t a pair of ellipses. The Starburst algorithm was in-
troduced by Li et. al. [17], for the purpose of eye tracking. The proposed method
involves multiple stages of an iterative ray detection scheme, initialized at points
radiating out from multiple positions around eye region, todetect the pupil, iris, and
eyelid boundaries. The scheme also involves the use of a correlation �lter method
for eye center detection.
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7.1 Description of the Technique

The proposed segmentation approach includes the followingfour sequential steps:

1. The location of the eye center is �rst estimated using a specially designed corre-
lation �lter.

2. The circular boundary of the pupil is obtained by uniform key point extraction
and Hough transformation.

3. The iris boundary is determined by the directional ray detection scheme.
4. Finally, the eyelid boundary is also determined by directional ray detection

scheme, applied at multiple points.

7.1.1 Eye Center Detection

Given a periocular image, the location of the eye center is obtained using the cor-
relation based eye center detector described in Section 2.2.2. It is noticed that the
accuracy of the current iris segmentation technique is crucially related to the cor-
rectness of the eye center detector output.

7.1.2 Pupil Segmentation

In this step, it is assumed that the eye center(xc;yc) of imageI(x;y) is located within
the pupil. Iterative directional ray detection is then applied within a square region
Ip(x;y) of size of 2(rp + Rp) centered at(xc;yc), where 0< rp < Rp are pupil radius
bounds determined experimentally from the data set. A sample square regionIp(x;y)
containing a pupil is shown in Figure 21(b).

(a) I(x;y) (b) Ip(x;y) (c) Directional rays (d) Segmented pupil

Fig. 21 One iteration of Iterative Directional Ray Segmentation for pupil detection.

Each iteration includes ray detection to extract structural key points and the
Hough transformation to estimate the circular pupil boundary. As shown in Fig.
21(c), a number of rays are chosen starting at the estimated eye center(xc;yc) along
mdirectionsq 2 Q, whereQ is a subset of[0;2p]. For the FOCS data set, the value
of Q is set asQ = [ p

4 ; 3p
4 ] [ [5p

4 ; 7p
4 ], to select pixel information contained along the

vertical direction. The directional gradient difference along these rays is then calcu-
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lated. Locations for which the gradient difference reachesan absolute maximum are
then selected as key points. The Hough transform is performed to �nd the circular
pupil boundary, the estimated pupil center(xp;yp), and the radius of the pupil ˆrp as
shown in Fig 21(d).

Gradient calculation is notoriously sensitive to image noise. To compensate for
the presence of noise, an adaptive approach is implemented that:

1. enhances the edges at the location of selected key points,
2. uses the estimated pupil center(xp;yp) instead of the eye center location(xc;yc),

and
3. properly sets up the length of test rays to vary towards ˆrp.

In the present implementation, at most 3 iterations are needed to obtain a very reli-
able and accurate pupil segmentation, as shown in Fig 21(d).

7.1.3 Iris Segmentation

In this step, the estimate pupil center(xp;yp) and pupil radius ˆrp are used to
select a square region of size 2(r̂p + RI ) centered at(xp;yp), whereRI > r̂p is
a bound parameter determined experimentally from the data set. Iterative direc-
tional ray detection is then applied within this region. Speci�cally, a set of rays
are chosen to emanate from a set of pointsG along n directionsq 2 Q, where
G = f (x;y)jx = xp + ( 1+ a )r̂p;y = yp + ( 1+ a )r̂pg, Q = [ � p

6 ; p
6 ] [ [5p

6 ; 7p
6 ] and

a = 0:5. As shown in Fig. 22(a), the directions of test rays in this stage are close to
the horizontal axis to avoid the upper and lower eyelid regions. Similarly, to perform
pupil segmentation, the key points are determined using theadaptive gradient differ-
ent scheme, and Hough transform is applied to �nd the iris, asshown in Fig. 22(b).
The main advantage of this approach is a reduced sensitivityto light re�ection and
other impurities in the iris region as well as increased computational ef�ciency of
the Hough transform.

(a) Rays(q = pi
6 ) (b) Segmented iris (c) Rays (multiple pos.) (d) Eyelids detection

Fig. 22 Iterative directional ray detection results for iris and eyelids.
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7.1.4 Eyelid Boundary Detection

Detecting the eyelid boundaries is an important step in the accurate segmentation of
the visible iris region as well as for the determination of iris quality metrics. For this,
a two-step directional ray detection approach from multiple starting points is used.
As shown in Fig. 22(c), the testing rays are set to emanate from the boundaries of the
pupil and iris regions. Two groups of rays are chosen roughlyalong the vertical and
horizontal directions. Gradient differences are computedalong these rays and key
points are appropriately selected. A least squares best �tting model is then applied
to the binary key points map and a �rst-step �tting estimation to the eyelid boundary
is produced. To improve accuracy of the estimation in the previous step, the noisy
key points are removed outside the estimated eyelid boundary, and the edges are
enhanced around the remaining key points. Applying ray detection from multiple
positions, a new set of key points is obtained. The least squares �tting model is then
applied again, resulting in an improved estimation of eyelids, shown in Fig.22(d).

The proposed iterative directional ray detection method isa promising segmen-
tation approach as it has been shown be robust in the segmentation of poor quality
data. An adaptive gradient difference scheme is used as a core procedure to select
key points in speci�c image regions, simplifying the overall problem into simpler
more manageable pieces. The computational cost for this technique is comparable
to other existing techniques in the literature. Figure 23 provides examples of suc-
cessful segmentation obtained by the directional ray detection technique. Figure 24
provides images of unsuccessful examples.

Fig. 23 Directional Ray Detection Method - some successful examples from the FOCS data set.

8 Experimental Evaluation

The total number of images contained in the FOCS database is 9581. However,
performing an evaluation of iris segmentation algorithms using the entire database.
This is due to the high number of images and the computationalcost aspects in-
volved. Therefore, a subset of 404 images was chosen from theFOCS database, and
used to determine the best performing iris segmentation algorithm. It was ensured
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Fig. 24 Directional Ray Detection Method - some unsuccessful examples from the FOCS data set.

that the sample dataset was representative of the full FOCS database, in terms of
the challenges posed (e.g., non-uniformx illumination, blur, occlusion, etc.). The
resolution of the images were unaltered (750� 600 pixels). The number of unique
subjects contained in this 404 image dataset was 108, with the number of samples
per subject ranging from 1 to 11.

8.1 Segmentation Accuracies

The correlation �lter approach for detecting the eye centers, when applied on the
full FOCS data set, yielded a success rate of over 95%. The output of the eye cen-
ter detector was used only for three techniques: Geodesic Active Contours, active
contours without edges, and directional ray detection techniques. The performance
of an iris segmentation technique was measured by computingthe segmentation
accuracy, de�ned as follows:

Segmentation accuracy=
Number of correctly segmented images

Number of input images provided
� 100 (14)

The types of iris segmentation technique used, and their correspondingsegmentation
accuracies are summarized in Table 8.1.

Segmentation technique Number of input
images provided

Number of correctly
segmented images

Segmentation
accuracy

Integro-differential operator 404 207 51:2%
Hough transform 404 210 52%
Geodesic Active Contours (GAC) 404 358 88:6%
Active contours without edges 404 365 90:3%
Directional ray detection 404 343 84:9%

From the results obtained on the 404 image dataset, it was observed that the
techniques based on active contours resulted in the best performance among the
considered set of techniques.
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8.2 Analysis

The pre-processing schemes appear to have a signi�cant rolein the segmentation
performance for all the techniques. Illumination normalization helps in increasing
the contrast of the image, thereby highlighting the iris boundaries. Similarly, eye
center detector helps in localizing a region for iris boundary search process.

The considered set of iris segmentation techniques ensuresa balance between
the classical approaches, and the relatively newer approaches to handle challenging
iris images. Both the integro-differential operator and Hough transform require rel-
atively less computations, when compared to the other threetechniques. However,
their performance was observed to be low, due to the poor quality input data. On the
other hand, Geodesic Active Contours, active contours without edges, and direc-
tional ray detection algorithm provide better performance, at the expense of higher
computational complexity.

Geodesic Active Contours can be effectively used to evolve acontour that can �t
to a non-circular iris boundary (typically caused by eyelids or eyelash occlusions).
However, edge information is required to control the evolution and stopping of the
contour. The performance of Geodesic Active Contours for this database was limited
to 88:6% due to the lack of edge information, which is caused by poorillumination
levels.

9 Summary

Performing iris recognition at a distance is a challenging task. Signi�cant amount of
research is being conducted towards improving the recognition performance in iris
images acquired under unconstrained conditions. Employing better image acquisi-
tion systems can signi�cantly improve the quality of input images and, thereby, the
recognition performance. However, for practical purposes, it is necessary to develop
algorithms that can handle poor quality data. In this regard, the present chapter dis-
cusses the problem of iris segmentation in challenging periocular images. A set of 5
iris segmentation techniques were evaluated on a periocular database containing var-
ious non-ideal factors such as occlusions, blur, and drastic illumination variations.
This work helps serve two main purposes: (a) it describes a real world problem of
uncontrolled iris image acquisition and the associated challenges, and (b) it high-
lights the need for robust segmentation techniques to handle the poor quality iris
images.
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